We describe the system submitted to the closed challenge of the CoNLL-2008 shared task on joint parsing of syntactic and semantic dependencies. Syntactic dependencies are processed with the MaltParser 0.4. Semantic dependencies are processed with a combination of memorybased classifiers. The system achieves 78.43 labeled macro F1 for the complete problem, 86.07 labeled attachment score for syntactic dependencies, and 70.51 labeled F1 for semantic dependencies.
Introduction
In this paper we describe the system submitted to the closed challenge of the CoNLL-2008 shared task on joint parsing of syntactic and semantic dependencies (Surdeanu et al., 2008) . Compared to the previous shared tasks on semantic role labeling, the innovative feature of this one is that it consists of extracting both syntactic and semantic dependencies. The semantic dependencies task comprises labeling the semantic roles of nouns and verbs and disambiguating the frame of predicates.
The system that we present extracts syntactic and semantic dependencies independently. Syntactic dependencies are processed with the MaltParser 0.4 (Nivre, 2006; Nivre et al., 2007) . Semantic dependencies are processed with a combination of memory-based classifiers.
Memory-based language processing (Daelemans and van den ) is based on the c 2008.
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idea that NLP problems can be solved by storing solved examples of the problem in their literal form in memory, and applying similarity-based reasoning on these examples in order to solve new ones. Keeping literal forms in memory has been argued to provide a key advantage over abstracting methods in NLP that ignore exceptions and subregularities (Daelemans et al., 1999) .
Memory-based algorithms have been previously applied to semantic role labeling. Van den Bosch et al. (2004) participated in the CoNLL-2004 shared task with a system that extended the basic memory-based learning method with class n-grams, iterative classifier stacking, and automatic output post-processing. Tjong Kim Sang et al. (2005) participated in the CoNLL-2005 shared task with a system that incorporates spelling error correction techniques. Morante and Busser (2007) participated in the SemEval-2007 competition with a semantic role labeler for Spanish based on gold standard constituent syntax. These systems use different types of constituent syntax (shallow parsing, full parsing). We are aware of two systems that perform semantic role labeling based on dependency syntax previous to the CoNLL-2008 shared task. Hacioglu (2004) converts the data from the CoNLL-2004 shared task into dependency trees and uses support vector machines. Morante (2008) describes a memorybased semantic role labeling system for Spanish based on gold standard dependency syntax.
We developed a memory-based system for the CoNLL-2008 shared task in order to evaluate the performance of this methodology in a completely new semantic role labeling setting.
The paper is organised as follows. In Section 2 the system is described, Section 3 contains an analysis of the results, and Section 4 puts forward some 208 conclusions.
System description
The system processes syntactic and semantic dependencies independently. The syntactic dependencies are processed with the MaltParser 0.4. The semantic dependencies are processed with a cascade of memory-based classifiers. We use the IB1 classifier as implemented in TiMBL (version 6.1.2) (Daelemans et al., 2007) , a supervised inductive algorithm for learning classification tasks based on the k-nearest neighbor classification rule (Cover and Hart, 1967) . In IB1, similarity is defined by computing (weighted) overlap of the feature values of a test instance and a memorized example. The metric combines a per-feature value distance metric with global feature weights that account for relative differences in discriminative power of the features.
Syntactic dependencies
The MaltParser 0.4 1 (Nivre, 2006; Nivre et al., 2007) is an inductive dependency parser that uses four essential components: a deterministic algorithm for building labeled projective dependency graphs; history-based feature models for predicting the next parser action; support vector machines for mapping histories to parser actions; and graph transformations for recovering nonprojective structures.
The learner type used was support vector machines, with the same parameter options reported by . The parser algorithm used was Nivre, with the options and model (eng.par) for English as specified on http://w3.msi.vxu.se/users/jha/conll07/. The tagset.pos, tagset.cpos and tagset.dep were extracted from the training corpus.
Semantic dependencies
The semantics task consists of finding the predicates, assigning a PropBank or a NomBank frame to them and extracting their semantic role dependencies. Because of lack of resources, we did not have time to develop a word sense disambiguation system. So, predicates were assigned the frame '.01' by default.
The system handles the semantic role labeling task in three steps: predicate identification, seman- tic dependency classification, and combination of classifiers.
Predicate identification
In this phase, a classifier predicts if a word is a predicate or not. The IB1 algorithm was parameterised by using overlap as the similarity metric, information gain for feature weighting, using 7 knearest neighbors, and weighting the class vote of neighbors as a function of their inverse linear distance. The instances represent all nouns and verbs in the corpus and they have the following features:
• Word form, lemma, part of speech (POS), the three last letters of the word, and the lemma and POS of the five previous and five next words. To obtain the previous word we perform a linear left-to-right search. This is how previous has to be interpreted further on when features are described.
The accuracy of the classifier on the development test is 0.9599 (4240/4417) for verbs and 0.8981 (9226/10272) for nouns.
Semantic dependency classification
In this phase, three groups of multi-class classifiers predict in one step if there is a dependency between a word and a predicate, and the type of dependency, i.e. semantic role.
Group 1 (G1) consists of two classifiers: one for predicates that are nouns and another for predicates that are verbs. The instances represent a predicate-word combination. The predicates are those that have been classified as such in the previous phase. As for the combining words, determiners and certain combinations are excluded based on the fact that they never have a role in the training corpus.
The IB1 algorithm was parameterised by using overlap as the similarity metric, information gain for feature weighting, using 11 k-nearest neighbors, and weighting the class vote of neighbors as a function of their inverse linear distance. The features of the noun classifier are: The verb classifier achieves an overall accuracy of 0.9244 (80805/87412), and the noun classifier, 0.9173 (69836/76132) in the development set.
Group 2 (G2) consists also of two classifiers: one for predicates that are nouns and another for predicates that are verbs. The instances represent combinations of word-predicate, but the test corpus contains only those instances that G1 has classified as having a role.
The IB1 algorithm was parameterised in the same way as for G1, except that it computes 7 knearest neighbors instead of 11. The two classifiers use the same features: The verb classifier achieves an overall accuracy of 0.5656 (4160/7355), and the noun classifier, 0.5017 (2234/4452) in the development set.
Group 3 (G3) consists of one classifier. Like G2, instances represent combinations of wordpredicate, but the test corpus contains only those instances that G1 has classified as having a role.. The IB1 algorithm was parameterised in the same way as for G2. It uses the following features:
About the predicate: lemma, POS, POS of the 3 previous and 3 next predicates. About the combining word: lemma, POS, and dependency type, POS of the 3 previous and 3 next words. Distance between the predicate and the word. A binary feature indicating if the combining word is located before or after the predicate.
The classifier achieves an overall accuracy of 0.5527 (6526/11807).
Combination of classifiers
In this phase the three groups of classifiers are combined in a simple way: if G2 and G3 agree in classifying a semantic dependency, their solution is chosen, else the solution of G1 is chosen. This system combination choice is explained by the fact that G1 has a higher accuracy than G2 and G3 when the three classifiers are applied to the development set. G2 and G3 are used to eliminate overgeneration of roles by G1.
The performance of the system in the development corpus with only the G1 classifiers is 66.07 labeled F1. The combined system achieves a 10.8% error reduction, with 69.75 labeled F1.
Results
The results of the system are shown in Table 1 . We will focus on commenting on the semantic scores. The system scores 71.88 labeled F1 in the in-domain corpus (WSJ) and 59.23 in the out-ofdomain corpus (Brown). Unlabeled F1 in the WSJ corpus is almost 10% higher than labeled F1. Labeled precision is 12.40% higher than labeled recall. Table 1 : Results of the system in the WSJ and BROWN corpora expressed in %.
WSJ BROWN SYNTACTIC SCORES

Discussion
The performance of the semantic role labeler is affected considerably by the performance of the first classifier for predicate detection. The system cannot recover from the predicates that are missed in this phase. Experiments without the first classifier and with gold standard predicates (detection and classification) result in 80.89 labeled F1, 9.01 % higher than the results of the system with predicate detection. We opted for identifying predicates as a first step in order to reduce the number of training instances for the second phase, classification of semantic dependencies. For the same reason, we opted for selecting only nouns and verbs as instances, aware of the fact that we would miss a very low number of predicates with other categories. The results of predicate identification can be improved by setting up a combined system, instead of a single classifier, and by incorporating a system for frame disambiguation. Equally important would be to find better features for the identification of noun predicates, since the features used generalise better for verbs than for nouns. Table 2 shows that the system is better at identifying verbs than it is at identifying nouns. A characteristic of the semantic role labeler is that recall is considerably lower than precision (12.40 %). This can be further analysed with the data shown in Table 3 .
Except for the dependency VB*+AM-NEG, precision is higher than recall for all semantic dependencies. We run the semantic role labeler with gold standard predicates and with gold standard syntax and predicates. The difference between precision and recall is around 10 % in both cases, which confirms that low recall is a characteristic of the semantic role labeler, probably caused by the fact that the features do not generalise good enough. The semantic role labeler with gold stan- Table 3 also shows that the unbalance between precision and recall is higher for dependencies of nouns than for dependencies of verbs, and that both recall and precision are higher for dependencies from verbs. Thus, the system performs better for verbs than for nouns. This is in part caused by the fact that more noun predicates than verb predicates are missed in the predicate identification phase. The scores of the the semantic role labeler with gold standard predicates show lower differences in F1 between verbs and nouns.
The fact that the semantic role labeler performs 3.16 % labeled F1 better with gold standard syntax (compared to the system with gold standard syntax and predicates) confirms that gold standard syntax provides useful information to the system. Additionally, the difference in performance between the semantic role labeler presented to the competition and the semantic role labeler with gold standard predicates (9.01 % labeled F1) suggests that, although the results of the system are encouraging, there is room for improvement, and improvement should focus on increasing the recall scores.
Conclusions
In this paper we have presented a system submitted to the closed challenge of the CoNLL-2008 shared task on joint parsing of syntactic and semantic dependencies. We have focused on describing the part of the system that extracts semantic dependencies, a combination of memory-based classifiers. The system achieves a semantic score of 71,88 labeled F1. Results show that the system is considerably affected by the first phase of predicate identification, that the system is better at extracting the semantic dependencies of verbs than those of nouns, and that recall is substantially lower than precision. These facts suggest that, although the results are encouraging, there is room for improvement.
